Permeability and rock type are the most important rock properties which can be used as input parameters to build 3D petrophysical models of hydrocarbon reservoirs. These parameters are derived from core samples which may not be available for all boreholes, whereas, almost all boreholes have well log data. In this study, the importance of the fuzzy logic approach for prediction of rock type from well log responses was shown by using an example of the Vp to Vs ratio for lithology determination from crisp and fuzzy logic approaches. A fuzzy c-means clustering technique was used for rock type classification using porosity and permeability data. Then, based on the fuzzy possibility concept, an algorithm was prepared to estimate clustering derived rock types from well log data. Permeability was modelled and predicted using a Takagi-Sugeno fuzzy inference system. Then a back propagation neural network was applied to verify fuzzy results for permeability modelling. For this purpose, three wells of the Iran offshore gas field were chosen for the construction of intelligent models of the reservoir, and a forth well was used as a test well to evaluate the reliability of the models. The results of this study show that fuzzy logic approach was successful for the prediction of permeability and rock types in the Iran offshore gas field.
Introduction
The Iran offshore gas field, the Iranian part of the world's largest non-associated gas accumulation is located in the Persian Gulf between Qatar and Iran, some 100 km from shore. The Upper Permian to Lower Triassic Dalan and Kangan Formations are two huge, condensate rich, gas bearing reservoirs over the field. This paper focuses on application of the fuzzy logic technique for the estimation of two important reservoir parameters including permeability and rock type in the Kangan Formation. So far, several studies have been carried out for the estimation of reservoir parameters by intelligent systems (e.g. Cuddy 1998 , Saggaf and Nebrija 2003 , Chang et al 2000 , Lim 2003 , Ali and Chawathe 1999 , Huang et al 2001 , Arpat et al 1998 , Wong et al 1997 and Malki et al 1996 for rock type and permeability prediction. These studies indicate the successful role of methods such as fuzzy logic (FL), artificial neural networks (ANN), neuro-fuzzy (NF) and genetic algorithms (GA) for reservoir characterization. The present study shows another example of using fuzzy logic for reservoir characterization. Generally, geosciences disciplines are not clear-cut and most of the time are associated with uncertainties. For example, prediction of core parameters from well log responses is difficult and is usually associated with error. Statistical methods try to minimize and ignore this error, whereas fuzzy logic derives useful information from this error and uses it as a powerful parameter for increasing the accuracy of the predictions. The following simple example can clarify the subject: According to the works of Tatham (1982) , Domenico (1984) , Castagna et al (1985) and Ikwuakor (1988) , the ratio of compressional (V p) to shear wave velocity (V s) is a key factor for lithologic identification in hydrocarbon reservoirs. Lithologies such as dolomite, limestone, shaly sand and clean sand can be identified by this ratio (table 1) . The membership functions corresponding to this classification of lithologies in fuzzy and non-fuzzy approaches are shown in figure 1. According to the crisp or non-fuzzy approach ( figure  1(a) ), a rock with a ratio of 1.8 will be classified as limestone whereas another with a ratio of 1.799 99 will be considered a shaly sand. Such a description is of course far from reality. In the crisp approach there is a clear cut and sharp boundary between descriptions, whereas fuzzy logic asserts that there is a traditional and plastic boundary between the descriptions. For example, according to figure 1(b), a rock with V p/V s ratio 1.83 will be classified as shaly sand to a degree of 0.85 and as limestone to a degree of 0.10. Note that we should discriminate between probabilities and possibilities. The sum of probabilities is always equal to 1, whereas such reasoning will not be usually valid for possibilities. In the above example, the values of membership functions (possibilities) for a V p/V s ratio of 1.83 do not add up to 1 (e.g. 0.1 and 0.85). Saggaf and Nebrija (2003) have used a good example to clarify the difference between possibility and probability; consider this statement made before two wells are drilled: 'the possibility that the first well is economically viable is 0.8, whereas, the probability that the second well is economically viable is 0.8.' Although the two numbers are the same, they describe different notions. The probability indicates that the likelihood of this well being economically viable is 0.8. There is an 80% chance of finding oil in sufficient quantities in this well. However, there is a chance that the well could very well turn out to be a dry hole. The possibility does not relate to likelihood or chance at all. It simply expresses the information that the well fits our definition of what we consider to be an economically viable well by 0.8. This well is going to be better than average in what we consider good wells, it is not going to be great, but neither is it going to be a dry hole. In fact, after the wells are drilled, the probability would either be 0 (in case the second well does not have oil in economic quantities) or 1 (otherwise). However, the possibility would remain the same.
As it is evident from these simple examples, fuzzy reasoning is very close to reality and the description of the facts as they are. Therefore, it will be appropriate to use fuzzy logic to solve problems that are accompanied by vagueness and imperfection such as those of predicting core parameters from conventional well log responses.
Methodology

Fuzzy inference system
Fuzzy inference is the process of formulating from a given input to an output using fuzzy logic (Matlab user's guide 2001). There are two types of fuzzy inference systems (FIS) including Mamdani and Assilian (1975) and Takagi-Sugeno (1985 A small cluster radius usually yields many small clusters; however, a large cluster radius yields a few large clusters in the data (Chiu 1994) . Each of these clusters refers to a membership function. Each membership function generates a set of fuzzy if-then rules for formulating inputs to outputs.
Fuzzy c-means clustering
Fuzzy c-means (FCM) is a data clustering technique where each data point belongs to multiple clusters to some degree that is specified by a membership grade. This technique was first introduced by Dunn (1973) and improved by Bezdek (1981) .
It provides a method that shows how to group data points that populate some multidimensional space into a specific number of different clusters. FCM is based on minimization of the following objective function (Ozer 2005) :
where n is the number of objects to be clustered, c is the number of clusters, u ik is the degree of membership of object k in cluster i, x k is a vector of h characteristics for object k, v i is a vector of the cluster means of the h characteristics for cluster i and m is the weighting exponent varying in the range [1, ∞] . Equation (1) represents the sum of squared errors and is a goal function that the FCM algorithm tries to minimize. The constraints are as follows:
Condition (2) ensures that the degrees of memberships are between 0 and 1, and condition (3) means that, for a given individual, the degrees of membership across the clusters sum to one. Fuzzy partitioning is carried out through an iterative optimization of equation (1), with the update of membership u ik and the cluster centres v j by:
for x i = v j , ∀i, k, and m > 1. The iteration will stop when max ik u
< ε, where ε is error level for termination which varies between 0 and 1, and t are the iteration steps. In detail, this iterative procedure converges to a local minimum of equation (1).
Permeability modelling
Fuzzy logic
In this study, a Takagi-Sugeno FIS was used to generate permeability models for the Kangan Formation. First, several crossplots showing the relationship between well log data and permeability were generated for well A (figures 2(a)-(f )). The crossplots shows that neutron (NPHI), sonic (DT), and density log (RHOB) data have the strongest relationship with permeability.
Five inputs including NPHI, DT, RHOB, GR, and deep laterolog resistivity (Rlld) logs were used as inputs. There is a logical relationship between the selected inputs and permeability. NPHI, DT, and RHOB logs are porosity logs. According to figure 2, generally, permeability in the Kangan Formation increases as porosity increases. A GR log is a measure of the natural radioactivity of a formation and is used to distinguish between clean and shaly reservoir. Normally, clean intervals with low GR show higher permeability than shaly intervals. The electrical resistivity of a formation depends on many parameters including fluid saturation and pore geometry. Pore geometry is a key element that controls permeability.
When input data were selected, they were divided into two groups including modelling data (1076 data points) from three wells (A, B and C) and test data (125 data points) from the forth well (D). All membership functions and their parameters were extracted by a subtractive clustering method. By specifying 0.65 for the clustering radius, three Gaussian-type membership functions were extracted for used inputs which were captioned by low, moderate, and high (figures 3(a)-(e)). The if-then rules generated are as below:
1. If (NPHI is low) and (DT is low) and (RHOB is high) and (GR is low) and (Rlld is low) then (permeability (K) is low). 2. If (NPHI is moderate) and (DT is moderate) and (RHOB is moderate) and (GR is moderate) and (Rlld is moderate) then (permeability (K) is moderate). 3. If (NPHI is high) and (DT is high) and (RHOB is low) and (GR is high) and (Rlld is high) then (permeability (K) is high).
By extraction of membership functions and fuzzy if-then rules, the Takagi-Sugeno fuzzy model was constructed. The performance of the model was measured as 0.0019 by using the mean squared error (MSE) function. The formulation between input well log data and permeability is shown in figure 4 . After preparation of the fuzzy models, the following steps were implemented for the prediction of permeability in the forth well of the field by using FIS (the test well D):
Step 1. Fuzzify inputs: The FIS takes the inputs and determines the degree to which the inputs belong to each membership function.
Step 2. Apply fuzzy operator and truncation method: For the case that the antecedent of a given rule has more than one part, the fuzzy operator is applied to obtain one rule that represents the result of the antecedent for that rule. The most common operators are shown as follows: 'and' = use the minimum of the options. 'or' = use the maximum of the options. 'not' = use 1-option. Applying the fuzzy operators gives a value to the antecedent of each rule, and then the output membership function is truncated by this value. In this study 'and' operator has been used. . Formulation between well log data (inputs) to permeability (output) using the TS-FIS.
Step 3. Apply aggregation method: In this step, outputs of each rule that fit into a fuzzy set are combined into a single fuzzy set.
Step 4. Defuzzify: The input for the defuzzification process is the results of the aggregation method. Then FIS uses a defuzzification method (in this study, a weighted average) for the resulting output which is a crisp numerical value. Figure 5 shows an example of processing steps to use TS-FIS for permeability modelling from used well log inputs. Measured MSE for predicted permeability in the test well D is 0.15. 
Back propagation neural network
A back propagation artificial neural network (BP-ANN) is a supervised training technique that sends the input values forward through the network and then computes the difference between the calculated output and the corresponding desired output from the training dataset. This error is then propagated backward through the net and the weights are adjusted during a number of iterations. The training stops when the calculated output values best approximate the desired values (Bhatt and Helle 1999) . In this research, a three layered BP-ANN was used to verify the validity of generated fuzzy models for permeability prediction. The data set was divided into three groups including training (785 data points), validation data (150 data points) and test data (168 data points) from three wells. The forth well D was used to evaluate the generalization capability of the ANN model. Similar to Takagi-Sugeno FIS, five inputs including NPHI, DT, RHOB, GR, and Rlld logs were used in the first layer. The number of neurons in the hidden layer was 3, and output layer included one neuron for permeability data. The schematic diagram of the BP-ANN we used is shown in figure 8 . The mentioned three layered neural network was trained using the Levenberg-Marquardet training algorithm (trainlm), the details of computation process and training for which can be found in Boadu (1997 Boadu ( , 1998 and Bishop (1995) . The default MSE performance function was applied to optimize weights and default bias values. The transfer function from layer one to two is LOGSIG and from layer two to layer three is PURELIN. After 12 epochs of training MSE performance function was set to 0.0021 (figure 9). When the training and optimization of the model was finished, the input well log data of the test well D was passed from it and permeability was calculated. According to figures 10 and 11, the permeability predicted values for the test well with correlation coefficient of 0.76 are similar to results of FL, so ANN verifies its reliability. The measured MSE of the predicted values is 0.17. 
Rock types classification
Carbonate reservoir characterization has commonly had difficulty in relating dynamic reservoir properties to a geologically consistent rock type classification system. Traditional approaches that use log and core data have not been successful for rock type definition (Boitnott et al 2006) . In the Schlumberger Oilfield Glossary, each rock type is defined based on a set of characteristics that several rocks have in common. The characteristics of interest are usually those pertaining to fluid movement and fluid storage capacity. This section shows a case study of rock type classification using a FCM clustering technique in the Kangan carbonate reservoir. The methodology is described as below:
First, input porosity and permeability data (a matrix of 1076 by 2) was passed from the following function of Matlab,
where data (input matrix of porosity and permeability), cluster n (number of cluster to be derived) and fcm (Matlab's fuzzy c-means clustering algorithm) are input arguments of the function. The output arguments are center (matrix of final cluster centres), U (membership function matrix) and obj fcn (values of the objective function during iterations). By specifying arbitrary values for cluster n, clusters were derived for the reservoir studied. Then each cluster was deemed as a unique rock type of the reservoir. In this study from five to twenty rock types were generated for the Kangan Formation. However, in order to accomplish rock typing in an applicable way, the case of specifying ten rock types was selected for further study. The porosity-permeability crossplots of the ten mentioned rock types are shown in figure 12. In the FCM approach rock typing, facies type is not considered and each rock type will be defined by its production capability and will have a set of characteristics for porosity and permeability parameters which include minimum, maximum, mean and standard deviation. Also, they do not overlap each other in porosity-permeability crossplots so that each one has a unique boundary. Table 2 shows the description of the mentioned rock types based on porosity and permeability parameters. For each rock type, a photomicrograph with its porosity and permeability parameters is shown.
Rock type estimation using fuzzy logic
In this section, the FCM clustering derived rock types were estimated from well log data using fuzzy logic. For this purpose, the distribution of well log data for the identified rock types was first investigated. According to figure 13, which shows an example of the distribution of neutron log values for the rock types derived in previous stage, the data sets have been fitted by a Gaussian function. The normal distribution of data by a Gaussian function is as below:
where f (x, σ, c) is the probability function that an observation x is measured in the data set by a mean c and standard deviation σ . This curve was used to estimate relative probability or 'fuzzy possibility' that a data value belongs to each rock type. The methodology described here is similar to Cuddy's approach (1998) for lithofacies estimation using fuzzy mathematics.
Each log data value may belong to any FCM clustering derived rock type to a degree that can be calculated from a Gaussian membership function using equation (6). Each rock type has its own mean and standard deviation, namely, for n number of rock types; there are n pairs of c and σ rock type.
For example, the fuzzy possibility that a neutron log data belongs to rock type 1 is obtained by substituting c rock type 1 and σ rock type 1 in equation (6):
The ratio of the fuzzy possibility for each rock type with the fuzzy possibility of the mean or most likely observation is obtained by de-normalizing equation (7). The fuzzy possibility for mean of neutron in rock type 1 is obtained by substituting NPHI by c rock type 1 in equation (7):
The relative fuzzy possibility R(NPHI rock type1 ) of a neutron porosity NPHI belonging to rock type 1 compared to the fuzzy possibility of measuring the mean value c rock type 1 is equation (7) divided by equation (8):
Each value derived from equation (9) is now indicated to possible rock types. To compare the relative fuzzy possibilities of this equation between rock types, equation (9) is multiplied by a coefficient named relative occurrence of each rock type in the reservoir interval. For rock type 1, it is noted as √ n rock type 1 : This process is repeated for other rock types and all derived fuzzy possibilities are combined harmonically. Then, the rock type with the highest combined fuzzy possibility is taken as the most possible rock type at that point. A comparison between FCM clustering derived and fuzzy predicted rock types versus depth for the test well that was not used to model construction (the test well D) is shown in figure 14 .
The fuzzy possibilities in fuzzy logic are combined harmonically, whereas, statistical methods such as Bayes theorem, combine probabilities geometrically. When Figure 13 . Histograms showing the fitted Gaussian membership function to neutron log values distribution of the rock types generated by FCM clustering method.
comparing rock types that are equally likely, with similar probabilities, the harmonic combination emphasizes any indicator which suggests the lithology selection is unlikely.
Secondly, fuzzy logic weights the possibilities by the square root of the proportion in the calibrating data set, whereas Bayes uses the direct proportion (Cuddy 1998) . 
Conclusions
The results of this study show that the fuzzy logic technique is an instrumental tool for the prediction of permeability and the identification of permeable and non-permeable zones in the Kangan Formation. A fuzzy c-means clustering method was useful for rock type definition in Kangan Formation. In this approach, production capability based on porosity and permeability parameters was considered to classify rock types so that each rock type has a specific boundary in porositypermeability cross plots and does not overlap with another. Finally, the algorithm based on the fuzzy possibility concept was successful for the estimation of clustering derived rock types from well log data.
Recommendations
With regard to obtaining satisfying results when using fuzzy logic in this case study, the following is recommended:
(a) In order to identifying rock types to show flow performance in reservoir, it will be useful to use clustering methods for reservoir study and modelling. Such a description of rock types will lead to ease relating well log responses to each rock type. (b) With regard to high accuracy estimation of rock types form well log data using fuzzy reasoning, it is recommended to use fuzzy logic as a powerful tool for modelling and estimation of rock types over the reservoir.
